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[1] Do the chronological methods used in the construction
of paleoclimate records influence the results of the
frequency analysis applied to them? We explore this
phenomenon using the Dongge Cave speleothem record
(U-series chronology with variable time steps, Dt) and the El
Malpais tree-ring index (cross-dating of ring-width series).
Interpolation of the Dongge Cave record to a constant Dt
resulted in the suppression of periodicities (<20 years)
altering the red noise model used for significance testing.
Frequency analysis of temporal subsets of the El Malpais
tree-ring index revealed that concentrations of variance
varied with the number of ring-width series. Frequency
analyses of these records identified significant periodicities,
some common to both (25 and 69 years). Cross-wavelet
analysis, which examines periodicities in the time domain,
revealed that coherency between these records occurs
intermittently. We found the chronology methods can
influence the ability of frequency analysis to detect
periodicities and tests for coherency. Citation: DeLong,
K. L., T. M. Quinn, G. T. Mitchum, and R. Z. Poore (2009),
Evaluating highly resolved paleoclimate records in the frequency
domain for multidecadal-scale climate variability, Geophys. Res.
Lett., 36, L20702, doi:10.1029/2009GL039742.

1. Background
[2] Frequency analysis (the transform of a time series
into its frequency components) of instrumental and paleoclimate time series has detected multidecadal climate
variability, and this variability may be linked to external
forcing such as solar irradiance. Frequency analysis of
solar irradiance has demonstrated periodic variability on
orbital (10 – 100 ka) to decadal time scales [e.g., Lean,
2000]. Observations of the 11-year sunspot cycle have
been made for many centuries and have been fortified by
modern satellite measurements [Lean, 2000]. Longer
records have identified other solar periodicities, such as
the Gleissberg cycle (88 years). If solar variations influence the Earth’s climate, then proxy records from regions
sensitive to solar variability should record these periodicities. Conversely, a common periodicity shared between
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records may not indicate coherence (correlation in the
frequency domain) between records or any known periodicity. Statistical tests such as correlation analysis in the time
domain and cross-spectral analysis in the frequency domain
are needed to test whether time series co-vary in a significant way.
[3] Paleoclimate reconstructions are typically evaluated
in the time domain to determine the reasonable interpretation based on the methods. For sub-centennial variability,
the time series should be annually to pentannually resolved, at least 1000 years long, have a well-constrained
age model, and demonstrate significant coherence with the
targeted climatic variable in the instrumental period. This
study focuses on how the chronology construction of the
paleoclimate time series impacts the interpretation in the
frequency domain and investigates the multidecadal variability in highly resolved proxy records (speleothems and
tree rings) that span the last 2000 years. Two proxy records
were selected: a speleothem time series from the Dongge
Cave in southern China [Wang et al., 2005] and a tree-ring
time series from El Malpais National Monument in New
Mexico [Grissino-Mayer, 1996]. Lastly, this study compares
the time series using cross-spectral methods to assess any
shared periodicities for coherence that may indicate a
common forcing function.

2. Frequency Analysis Methods
[4] Three common applications of frequency analysis
include Multi-Taper Method (MTM) [Thomson, 1982; Ghil
et al., 2002], wavelet analysis [Torrence and Compo, 1998],
and Lomb-Scargle Fourier transform (LS) [Lomb, 1976;
Scargle, 1982]; each method has certain assumptions and
advantages. MTM determines the Fourier transform of a
time series using tapers instead of windows. Wavelet
analysis is similar to band-pass filtering with many frequencies to decompose a time series into the time-frequency
domain. MTM and wavelets assume the time series has a
constant time interval (Dt) for the transformation to frequency domain. Time series with slightly varying Dt that do
not contain large time gaps can be transformed to frequency
domain using the LS that evaluates the time series at each
time determination. Each of these methods has limitations;
therefore, we used multiple methods to assess the robustness
of any significant periodicities. Confidence intervals (CI)
were determined against a red noise model (first-order
autoregressive model AR(1)).

3. Dongge Cave Speleothem Record
[5] The Dongge Cave record from southern China documents Asian monsoon variability for the past 9000 years as
recorded in the d 18O variations from a single stalagmite
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Figure 1. (a) The Dongge Cave d 18O time series (AD 100– 1759) with 230Th dates (red triangles, error bars = analytical
error) [Wang et al., 2005]. (b) MTM spectrum (tapers = 5, resolution = 3) [Ghil et al., 2002] of the interpolated (Dt =
4 years) d18O time series with significant periodicities highlighted (90% CI; gray boxes). (c) LS spectra [Press et al.,
1992] smoothed over 7 bands similar to Figure 1b. Interpolation produced a reddening of periodicities <20 years (black
dashed line) compared to the varying Dt spectrum. The time series were normalized by s.

with continuous deposition and nearly constant growth rate
[Wang et al., 2005]. The section from AD 100 to 1759 lacks
a significant trend in d 18O; this section was selected to allow
for the assessment of frequency analysis without detrending.
The chronology was determined by 230Th dating in which
two age models were defined: one based on linear interpolation between 230Th dates and the other by fine-tuning to
INTCAL98 [Stuiver et al., 1998] within dating error [Wang
et al., 2005]; we examined both versions with the tuned
version shown in Figure 1. The conversion from the depth
domain to the time domain resulted in a varying Dt between
the d18O samples (average Dt = 4 years). Time series with
varying Dt can be analyzed using methods that require a
constant Dt (MTM and wavelet); however, first they must
be interpolated to a constant Dt. The interpolation to
constant Dt of 4 years preserves the mean and decreases
the variance by 10% ( 7.29 ± 0.19%, 1s, original; 7.28 ±
0.17%, 1s, constant Dt); therefore, the interpolation does not
greatly affect the time series in the time domain (Figure 1a).
[6] The influence of interpolation in the frequency domain
is unclear; hence, the effects of interpolation are investigated by comparing the MTM and LS spectra (Figure 1). The
MTM spectrum reveals bands of significant (90% CI)
periodicities centered on 69, 27, 23, 20, 17, and 11 years
(Figure 1b). The LS spectra, with similar smoothing to the
MTM (Figure 1b), were determined for the original (varying
Dt) and the interpolated (Dt = 4 year) Dongge time series
(Figure 1c). Scargle [1982] demonstrated that the LS
periodogram determined with a constant Dt produces similar
results to a classical periodogram (cf., MTM and LS 4-year

Dt spectra in Figure 1). The interpolated LS spectrum
exhibits a steeper slope in the high frequencies (i.e., reddening) compared to the uninterpolated LS spectrum with the
spectra diverging at 20 years (Figure 1c). Different interpolation methods produced slightly different results; for
instance, interpolation with cubic spline produced less suppression of the high frequencies compared to linear interpolation (Figure 1c). Furthermore, the suppression of the higher
frequencies varies with the interpolation interval; oversampling (Dt < 4) produces a steeper slope, whereas undersampling (Dt > 4) produces a flatter slope (not shown).
Schulz and Stattegger [1997] found similar results for
synthetic data interpolated with different intervals. The
Dongge Cave time series that was not tuned produced a
similar reddening of the spectrum for the interpolated time
series; therefore, the tuning is not the source of the observed
reddening.
[7] The significance testing for paleoclimate reconstructions typically assumes a red noise background; therefore,
any data manipulation that alters the red noise character
should be considered when determining significant periodicities. The interpolation to a constant Dt produced a
reddening of the spectrum, thus influencing the significance
tests. For example, in the MTM of the Dongge Cave time
series (Figure 1b), the 11-year peak is above the 95% CI
with a low percentage of variance (1.4%), whereas the
multidecadal peaks contain a higher percentage of variance.
The uninterpolated LS spectrum (Figure 1c) contains a
higher percentage of the variance (21.7%) in the 11-year
band. The LS analysis would indicate that the 11-year
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Figure 2. El Malpais tree-ring index [Grissino-Mayer, 1996] with (a) number (#) of series and with the index split into
three subsets of 630 years (average # of series = 11, 40, 102 for AD 103 –732, AD 733 – 1362, and AD 1363 – 1992,
respectively). (b) Tree-ring index smoothed with a 30-year finite impulse-response (FIR) filter (90% pass at 50 years; black
line). (c) MTM spectra (tapers = 5, resolution = 3) [Ghil et al., 2002] of the tree-ring index and subsets. The linear trend was
removed from the index and each subset. Gray boxes denote significant periodicities for all years. A white noise floor is
present <5 years and a divergence occurs >150 years (gray areas). (d) MTM spectra of subsets in Figure 2c from 5- to
150-year periodicities. Note: significant periodicities for the entire tree-ring index (Figure 2c) are not present in all subsets
(Figure 2d; color boxes for each subset).
band is highly significant, whereas the MTM analysis may
overlook this periodicity and focus on the multidecadal
periodicities.
[8] The LS assumes the measurement times are known;
therefore, chronology error must be considered. Wang et al.
[2005] presented a d18O time series with two age models in
which the respective spectra reveal shifts in the significant
periodicities for the period examined. Wang et al. [2005]
recognized the uncertainties in the sub-centennial periodicities as a result of uncertainties in 230Th dates and focused on
the multicentennial-scale variability. The interval from AD
100 to 1759 (n = 421 for d18O) is constrained by 11 230Th
dates with analytical error ranging from ±26 to ±83 years;
therefore, the exclusion of sub-centennial periodicities seems
reasonable given these analytical uncertainties. However,
only 2.6% of the d 18O samples were dated. If the constant
deposition assumption is correct, then the chronology error
of the undated samples is less than the 230Th analytical
error; therefore, some skill may be contained in the subcentennial periodicities.

4. El Malpais Tree-Ring Index
[9] The El Malpais time series is an annually resolved
tree-ring index spanning the last two millennia that recon-

structs annual precipitation in the southwest United States
[Grissino-Mayer, 1996]. The 2129-year long El Malpais
tree-ring index was constructed to preserve low frequency
variability since it contains 248 ring-width series from
long-lived trees and sub-fossil wood with an average length
of 391 years, with 76 series over 500 years in length
[Grissino-Mayer, 1996]. The age control was incremental
counting of annual rings that were cross-dated between
series to establish the chronology. The ring width series
have a high inter-series correlation (0.86), reflecting a
common signal [Grissino-Mayer, 1996]. Prior to AD 103,
only one tree was sampled, and those data were excluded
from our analysis.
[10] In contrast to the Dongge Cave time series, the El
Malpais tree-ring index was dated to the calendar year with
a Dt = 1; therefore, interpolation is not needed prior to
frequency analysis. A tree-ring index is not composed of
individual measurements, but is an average of many ringwidth measurements for a particular year in which the number
of measurements per year varies with time (Figure 2a). The
El Malpais tree-ring index has a large number of series in
the recent section of the tree-ring index and fewer series in
the older section (Figure 2a) because live trees were readily
available, whereas older sub-fossil and remnant wood was
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relatively scarce. The number of series averaged into the
tree-ring index decreases with time (Figure 2a), resulting in
an increase of chronology and signal error; consequently,
the influence of the decreasing number of series was
investigated further.
[11] Each series of raw ring-width measurements contains
a biological signal related to the growth of the tree. The
biological signal was removed in order to recover a climate
signal. Dendroclimatologists use different methods, depending on the type of reconstruction, to remove the growth
signal. In order to preserve centennial-scale variability in the
El Malpais reconstruction, the growth trend was removed
per series by either linear trend or negative exponential, then
standardized to a mean of one [Grissino-Mayer, 1996], thus
ensuring the tree-ring index has a stable mean and variance
in the time domain regardless of the number of series per
year (Figure 2b).
[12] Frequency domain analysis of the El Malpais time
series provides further insight into the influence of data
treatment on the tree-ring index (Figure 2b). The MTM
spectrum reveals bands of significant periodicities (95% CI)
centered on 410, 186, 84, 60, 34, 25, 20, and 16 years
(Figure 2c). The MTM spectrum resembles white noise in
the interannual periodicities (<5 years), which may be
related to environmental and biological noise, and was
included in the red noise model used to test for significance
(Figure 2c). Restricting the noise model to just the red noise
portion of the spectrum (>5 years) resulted in a shift in the
AR(1) model that altered the significant periodicities. For
example, periodicities centered on 186, 60, 34, 25, and
20 years are not significant (95% CI), whereas the 7- and
6-year periodicities are significant (not shown). An alternative method for removing the white noise floor is
smoothing, such as a 4-year moving average, which results
in only two significant periodicities (125 and 6 years).
Data treatments that alter the background noise character
of the spectrum may not be desirable because they move
the frequency analysis farther away from the true noise
character of the time series.
[13] We investigated the impact of the number of series
included in the tree-ring index by splitting the index into
three subsets of 630 years, in which the average number of
series decreases from 102 to 11 series, and comparing the
MTM spectra (Figure 2). The white noise floor is present in
each subset with the oldest, less replicated subset (AD 103 –
732) having a more of a white noise character than the
younger subsets (AD 733 – 1362 and AD 1363 – 1992),
which contain more series (Figure 2c). Therefore, averaging
more series tends to reduce the white noise (i.e., environmental and biological noise) contained in the tree-ring
index. Divergence occurs in the centennial-scale periodicities (>150 years) with a concentration of spectral power in
the oldest subset (AD 103 – 732); therefore, the centennialscale periodicities are not temporally sustained periodicities
(Figure 2c). Briffa et al. [1996] noted that spectra are bandlimited in the low frequencies to the degree that depends on
the number of series, series length, and standardization
models used to remove the growth trend. Although the
El Malpais tree-ring index contains series from many longlived trees, as the number of series decreases with time,
the ability to recover centennial-scale variability declines;
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therefore, our interpretation is limited to the periodicities
between 5 to 150 years (Figure 2d).
[14] Further examination of the three temporal subsets
found that the significant periodicities identified in the
MTM spectrum of the entire time series are not present in
all three subsets (Figure 2); thus, these periodicities are not
sustained. The periodicities centered on 84 and 60 year
bands are present in the two youngest and most replicated
subsets. The 25-year band is present in the youngest and
oldest subsets, whereas the 34-year band is present in the
middle subset and the 16-year periodicity is present in the
oldest and less replicated subset (Figure 2d). The lack of a
common periodicity in all subsets may be a function of the
number of series or the periodicities may vary in time due to
some mode of modulation.

5. Common Periodicities
[15] The Dongge Cave and El Malpais time series have
broadly similar periodicities, namely the 60- to 84-year band,
which is broadly similar to the Gleissberg (88 years), and
the 25-year band, which is similar to the Pacific Decadal
Oscillation. Note: spectral smoothing reduces frequency
resolution, especially in the higher periodicities. Despite
the presence of common periodicities in these time series,
they do not necessarily share coherence in either the time or
the frequency domain. In order to perform the cross-spectral
analysis, both series must have a common time scale. The
speleothem time series was interpolated to a Dt = 4 and the
annual tree-ring index was averaged every 4 years. As
discussed, these mathematical treatments may alter the
frequency analysis, thus the results. Cross-spectral analysis
did not identify significant coherence for the 69- to 84-year
and 25-year periodicities for the period common to both
records (AD 102 – 1758); however, significantly coherent
periodicities (95% level) were present in the 33-, 22-,
and 10-year bands (not shown).
[16] Cross-wavelet analysis tests the coherence between
time series in the time-frequency domain. Periodicities may
be quasi-persistent, may modulate through time, may modulate in frequency, or may be the result of a single large
event. The wavelet spectrum of the total solar-irradiance
time series [Lean, 2000] is a good example of the different
types of modulations. Wavelet analysis supports the observations made for subsets of the El Malpais time series (cf.
Figures 2d and 3b) in which the interdecadal and multidecadal periodicities seem to modulate with time. In the late
1500s, a large drought event occurs in both the Dongge and
El Malpais time series (Figure 3a). This event corresponds
to a concentration of power in the 69-year periodicity of
the respective local wavelet spectra (Figures 3b and 3c); this
is an example of a concentration of power resulting from a
single event and not a persistent periodicity. The crosswavelet analysis (Figures 3d and 3e) reveals shared spectral
power between the two time series in the late 1500s, which
coincide with the large drought event. Otherwise, there are
short periods (<50 years) of significant coherence in the 16to 32-year bands between the two time series with the phase
shifting for some occurrences and a concentration of shared
spectral power in the 1300s (Figures 3d and 3e). These
results are not conclusive, because in order to conduct the
cross-spectral analysis, both time series were transformed to
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Figure 3. Wavelet and cross-wavelet spectra of the El Malpais tree-ring index [Grissino-Mayer, 1996] and the Dongge
Cave d 18O speleothem record [Wang et al., 2005]. (a) The tree-ring index was averaged every 4 years to match the 4-year
linearly interpolated speleothem record. The linear trend was removed from each series, and then normalized by s. The
local wavelet spectra [Torrence and Compo, 1998] for (b) El Malpais and (c) Dongge Cave using the Morlet mother
wavelet with power normalized by 1/s2. The area under the cone of influence (heavy black line) should be interpreted with
caution. The thin black contour lines enclose significant time-frequency regions (90% CI). (d) Cross-wavelet transform
(XWT) and (e) squared-wavelet coherence (WTC) [Grinsted et al., 2004]. The relative phase is shown as in-phase with
arrow pointing to the right. XWT finds regions in the time-frequency domain where the series share common power. WTC
finds regions in time-frequency domain where the time series co-vary but do not necessarily share significant power.

the same Dt, and these transformations altered the spectral
character of the time series.

6. Conclusions
[17] We found the chronology methods used in paleoclimate reconstructions can influence the frequency analysis of
a time series. Frequency analysis of the Dongge Cave and
El Malpais time series revealed that multidecadal periodicities could be recovered from each time series with some
caveats. The chronology of the Dongge Cave time series has
error associated with the 230Th determinations, which
results in a shifting of the sub-centennial significant periodicities. Conversely, the tree-ring time series has error that
increases with time, which limits the frequency analysis to
periodicities between 5 to 150 years. Finally, identification
of common periodicities between time series did not indicate a sustained shared coherence between the Dongge Cave
and El Malpais time series; however, the lack of coherence
may be the result of the quality of the reconstruction or the
frequency analysis methods. Frequency analysis of a paleoclimate time series should consider how mathematical
treatments alter the frequency domain interpretation.
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